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Abstract—Regulators, aware of the significant underutilization
of spectrum reserved for radar operation, are starting to open
these bands for sharing with commercial services. In this paper,
we provide the signal processing techniques necessary to apply
temporal sharing to reduce radar exclusion zones and increase
spectral efficiency. Our approach directly extends to the fairly
common scenario of multiple radars operating at relatively close
distance in the same frequency and allows a secondary user to
transmit without exceeding a stipulated level of interference at
any radar. We require only that radars behave periodically; our
secondary users apply adaptive sensing to track radar behavior
in real-time without a priori information. To accomplish this, we
introduce a pulse deinterleaving mechanism to separate multiple
radar emissions in real-time, with no batch or offline processing.
We show that our approach to temporal sharing is applicable to
static or low mobility sharing scenarios, where the interference
channel displays quasi-periodic features.
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I. INTRODUCTION

Over 2.4 GHz of the US spectrum between 225 MHz
and 6 GHz is currently allocated to radar-reliant services,
such as radio-location, weather forecast, and radio-navigation.
However, several measurement studies show that these services
do not fully utilize the bandwidth, time, and space associated
with this allocation [1]. Due to the high cost and time that
it takes to replace legacy radar infrastructure, regulators have
been incentivising spectrum sharing initiatives in detriment of
more conventional frequency relocations. The Federal Commu-
nications Commission (FCC) proposal for small cell and radar
coexistence in the 3.5 GHz band [2] and the global allowance
of Wireless Local Area Network (WLAN) devices in the 5
GHz band exemplify this trend.

The Spectrum Access System (SAS) and Dynamic Fre-
quency Selection (DFS) techniques for 3.5 GHz and 5 GHz
bands currently dominate proposals for shared spectrum ac-
cess in radar bands [2], [3]. Both of these techniques rely
on exclusion zones, centered on incumbents, to demarcate
the maximum coverage of radar transceivers. However, such
spatial sharing schemes block access to radar bands for the
large percentage of the world population in range of coastal
regions and airports [1].

Several efficient spectrum sharing approaches based on
frequency separation [4] or precoding [5] have been proposed
under the DARPA Shared Spectrum Access for Radar and
Communications (SSPARC) program for coexistence between

communication and radar systems. However, considering the
specific focus of this program, these works are better targeted
at more modern military radar systems with low out-of-
band emissions, which often employ frequency hopping and
multiple adaptive antennas. Legacy systems with high out-
of-band emissions and mechanically rotating antennas still
constitute the majority in radar bands, and, considering their
high price and low cost of operation, replacing them for more
advanced technologies may take several decades to complete
[6]. Furthermore, given the unique advantages of each genera-
tion of radar technology and the fact that digital data from radar
sites can be combined for better performance, operators are in
many cases following a strategy of complementing their old
infrastruture with newer systems, rather than replacing it [6]–
[8]. The expected high longevity of legacy radar systems, in
combination with the fact they currently constitute a bottleneck
both in terms of required exclusion zones and frequency
separation [3], [6], [9], leads us to focus, in this paper, on
their coexistence with communication systems.

Consideration of the temporal dynamics of radar systems
with highly directional rotating antennas can enable a more
efficient approach to spectrum sharing. Significant spectrum
opportunities exist for Secondary Users (SUs) to transmit
inside areas currently designated as exclusion zones, provided
that they do so only when radar antennas are pointing in an-
other direction [10], [11]. This paper addresses the challenges
and techniques necessary to realize such temporal sharing.
In particular, we focus on the signal processing techniques
required to enable temporal sharing for the large portion of
radars that employ the same antenna for transmission and
reception, display periodic scan patterns, and do not perform
Low-Probability-of-Intercept (LPI) techniques [6]. Examples
of such systems include the ARSR and FPS series radars in the
L band, ASR in the lower S band, and maritime (magnetron or
solid-state) in the upper S band [6]. Note, however, that these
conditions may not be found in some tracking, Electronically
Steered Array (ESA) and frequency hopping systems. As
temporal sharing is unable to accommodate such incumbents,
we do not advocate its use as a standalone technique, but
rather as an extension of other more conservative spectrum
access schemes to which SUs fall back when facing more
challenging sharing conditions. Such a multi-strategy approach
to sharing, illustrated in Figure 1, can be accomplished with
the assistance of a context-aware database or SAS to determine
over which policy contexts, locations and bands both spatial
and temporal sharing, or any other scheme are applicable. This
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Fig. 1: Proposed framework for database-aided sharing.

database could obtain this information through coordination
with the incumbents, which would be straightforward for
systems whose parameters and positions are already updated
in databases and websites in real-time (e.g. weather [12], [13],
traffic control, radionavigation), or via Environmental Sensing
Capability (ESC), as it is currently envisioned in the 3.5 GHz
band [9].

A. Our Contribution
We distinguish the technical challenges in the deployment

of opportunistic temporal sharing into the two sub-problems
of radar signal deinterleaving, and interruption period pre-
diction. Radar signal deinterleaving enables SUs to share a
spectrum band with multiple radars by empowering the SU
to differentiate and separate superimposed signals of different
transmitters. This deinterleaving depends on a radar’s signal
having at least one feature, such as Pulse Width (PW), fre-
quency, or Pulse Repetition Interval (PRI), that is unique with
regard to the remaining signals. Fortunately, such uniqueness
is generally a reasonable assumption, considering that radar
systems need to display different features to operate close to
each other. For instance, low duty cycle suppression techniques
increase a radar system’s tolerable Interference to Noise Ratio
(INR) level from -6 dB to +63 dB, when the interference
is caused by another radar with a different PRI [14]. The
interruption period prediction process enables SUs to discern
periodic features in radars’ antenna sweeping motions, and
derive the resulting temporal spectrum opportunities.

Prior to our use for spectrum sharing, radar signal dein-
terleaving was originally explored in Electronic Intelligence
(ELINT) to add in the interception and analysis of radar
emissions to detect and identify potential enemy systems.
As such, we note some differences when using the concept
for temporal sharing. First, our purpose is the separation of
signals with power large enough for the generating transmitter
to be considered within interference range over the band of
operation of the SU, rather than the classification of all systems
in a certain area. Second, tracking the dynamic operation of
multiple radars to support temporal sharing requires an online
design for the deinterleaving algorithm.

Interruption period prediction comprises the two sub-
problems of scan analysis and scan tracking. Scan analysis
estimates the Antenna Scan Period (ASP) and radiation pattern
features of each of the detected and deinterleaved radars within
interference range. Scan tracking schedules occasional sensing
to maintain synchronization with the radar systems’ rotation

phases and identify changes in the radio environment through
a recursive update scheme.

The main contributions of this paper are:
• an SU architecture for temporal sharing that addresses

both the radar signal deinterleaving and interruption
period prediction problems. Our proposed architecture
incorporates lessons learned from our implementation of
temporal sharing in Software Defined Radio (SDR) [15].

• a non-coherent radar signal detection and feature estima-
tion and representation scheme.

• a Time Of Arrival (TOA) radar deinterleaving method that
operates in an online manner.

• a temporal sharing spectrum opportunity prediction
scheme based on scan period and radiation pattern es-
timation.

• a scan tracking scheme that detects and compensates
for changes in the radio environment, including small
drifts in the radar antenna rotation or changing channel
characteristics.

B. Related Works
Several works have been published assessing the required

interference protection of radar and communication systems
when coexisting in the same band. The National Telecommu-
nications and Information Administration (NTIA) has released
several reports sheding some light on the effects of interference
on radar receivers [14], [16], and required exclusion zone sizes
in the 3.5 GHz band [9]. In [17], [18], the authors analysed
how radar transmission parameters, namely power, duty cycle
and Pulse Repetition Frequency (PRF) may disrupt current
communication systems’ throughput and packet transmission
delays. Other works, such as [10], [19], focused on the impact
of the aggregation of interference from multiple SUs on radar
receivers.

The inefficiencies inherent in spatial sharing have led to
an increased interest on more cooperative spectrum sharing
approaches for the radar bands. The DARPA SSPARC program
exemplifies one such initiative, seeking the development of
technology for coexistence between military radars and other
military or commercial systems [20]. Under this program,
the authors in [21] focus on the coexistence between radar
and communication systems from an information theoretical
perspective, developing metrics that account for the impact
of interference on the co-design of radar and communication
systems. In [4], the authors study the spectral efficiency gains
provided by frequency separation techniques coordinated by a
context-aware SAS, with military operation security in mind.
The authors in [5], [22]–[24] analysed the capability of MIMO
military radars at avoiding harmful interference with cellular
systems in the 3.5 GHz band by virtue of adaptive antennas.

Focusing on spectrum sharing techniques for the large por-
tion of radar systems that rely on rotating antennas and do not
employ LPI techniques, our preliminary works in [13], [25],
[26] and other authors in [11], [12] analysed the efficiency
gains provided by coexistence mechanisms, such as temporal
sharing and beamforming. In [12], [25], [26], in particular,
it is proposed the use of a context-aware SAS that utilizes
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TABLE I: Table of key notations used throughout this work

Notation Description
Nradar Number of radar systems in an SU’s surroundings
fci Centre frequency of radar i
f0 SU’s sampling rate

W
av

ef
or

m

tTOA
i,m TOA of the pulse m of radar i

T PRI
i,m PRI of radar i at pulse index m

APA
i,m Amplitude of the pulse m of radar i

fPF
i,m Centre frequency of pulse m of radar i at the SU’s baseband

T PW
i,m Width of pulse m of radar i

ΞPDW
i,m

Vector containing the Pulse Description Words (PDWs), i.e. parameters describing an
intercepted pulse m of radar i

ΞPT
i Vector of parameters describing a pulse train emitted by a radar i

L
in

k
B

ud
ge

t

P radar,Tx
i

Transmit power of radar with index i

P SU,Tx Transmit power of SU
GPU
i (t) Antenna gain of radar i in the direction of the SU at instant of time t

Gi,max Maximum antenna gain of a radar i

GSU
i Antenna gain of the SU in the direction of radar i

FDRradar-SU
i

Frequency Dependent Rejection, i.e., attenuation of the radar’s signal caused by
the SU’s receiver chain

FDRSU-radar
i Attenuation of the SU’s signal caused by the radar’s Receiver (Rx) chain

Lradar-SU
i Attenuation of radar’s signal due to channel effects (e.g. fading, path loss)

LSU-radar
i Attenuation of the SU’s signal caused by channel effects

λi(t) Received power by the SU from radar i over time
ISU-radar
i (t) Received power by the radar i from the SU over time

Sc
an

Pa
tte

rn

TASP
i The time necessary for the radar antenna to make a full sweep; period of λi(t).

ΛPARP
i (θ)

Perceived Antenna Radiation Pattern, i.e. shape of the repeated pattern within λi(t),
where θ ∈ [0, 2π] corresponds to the radar antenna rotation phase.

T
λ,ref
i,n

Reference timestamp at which the phase θ = 0◦ of ΛPARP
i (θ) occurs

Θi,k Phase Interval at which ΛPARP
i (θ) crosses γthres

NΘ
i Number of phase intervals Θi,k for radar i where ΛPARP

i (θ) crosses γthres

∆IP
i,k,m

Interruption period for a single radar i-SU pair derived from the phase interval Θi,k
for the antenna scan index m

σPARP
Λ

Standard deviation of a radar’s instantaneous PARP over its reference time,
due to channel decoherence

Ξscan
i

Set of scan parameters involved in the computation of ∆IP
i,k,m . We represent this set

as a vector [TASP
i , T

λ,ref
i,n

,Θi,1, ...,Θi,NΘ
i

].

T
hr

es
ho

ld
s

Imax Maximum interference a radar may receive from SUs without service disruption
γthres Sensing threshold used by the SU to decide whether to interrupt its transmissions

γpulse
Threshold based on which the SU’s sensing module decides whether it has detected
a radar pulse or just noise

γR Threshold based on which the SU decides whether to terminate the sensing session

γC
Threshold used to decide whether a pulse belongs to a clustering
during the pulse sorting stage

γPRI Threshold used during TOA deinterleaving

incumbents’ information to select and configure SUs’ sensing
or coexistence mechanisms, and to dynamically account for
the impact of aggregate interference. However, these works are
limited to the design of the SAS architecture or quantification
of spectral efficiency gains, without addressing the challenges
and signal processing techniques necessary to realize such
coexistence mechanisms. Furthermore, schemes like the one
in [12] that do not rely on sensing information do not account
for the impact of reflections on interference.

II. RADAR SIGNAL MODEL

To construct our model, we imagine a single SU at a fixed
position receiving signals from Nradar radar systems in its
surroundings. Each individual radar i ∈ {1, ..., Nradar} emits a
Pulse Train (PT) with a different peak transmit power P radar,Tx

i
and center frequency f ci , using a directive antenna that rotates
mechanically in azimuth with period TASP

i . From this SU’s
point of view, the received signal from each radar can be
characterized as a waveform or a scan pattern. A waveform
represents the received PTs as a set of modulation features,
such as PRF or PRI, PW, f c, and Intra-Pulse Modulation
(IPM). Alternatively, a scan pattern captures the variation
in amplitude of a PT over time, which results from the
directionality and rotation of the emitter’s antenna.

A. Waveform Model
We model samples received by an SU from a single radar i

in an ideal channel as follows

xi[n] =

+∞∑
m=−∞

APA
i,m.pi[n−mT PRI

i,m].e2πjnfPF
i,m/f0 (1)

Here, n is the sample index and m is the pulse index. The pulse
shape pi[·] defines the IPM and PW, and, to reduce the power
amplifier complexity, usually displays constant envelope. Note
that multipath may disperse the pulse shape.

We collect the features of the signal into vectors of PDWs
ΞPDW
i,m = [tTOA

i,m , T
PW
i,m, f

PF
i,m, A

PA
i,m]T. For the case of radar sys-

tems with fixed PW, Pulse Frequency (PF) and PRI, T PW
i,m

and fPF
i,m will be constant with m and tTOA

i,m values follow the
sequence

tTOA
i,m = tTOA

i,j + (m− j)T PRI
i ,∀j,m ∈ Z (2)

As a result, we characterize an entire PT with ΞPT
i =

[tTOA,ref
i , T PW

i , fPF
i , T

PRI
i ]T, where tTOA,ref

i corresponds to a ref-
erence pulse’s TOA from which other TOA may be derived
with equation (2). Note that we do not consider the APA here
as it is the focus of the scan pattern model.

B. Scan Pattern Model
The variation in power over time of the pulses received

by the SU from a single radar system can be modelled as a
curve in dBW λi(t), which is obtained through the link budget
equation,

λi(t) = P radar,Tx
i +GPU

i (t)+GSU
i −FDRradar-SU

i −Lradar-SU
i (3)

The interference caused by a single SU on a radar can, in turn,
be defined as follows,

ISU-radar
i (t) = P SU,Tx +GPU

i (t) +GSU
i − FDRSU-radar

i −LSU-radar
i

(4)
Considering that both the radar and SU reuse the same
antennas and frequency bands for Transmitter (Tx) and Rx,
the channel effects are reciprocal (LSU-radar = Lradar-SU) [1], [3],
[27]. The same assumption cannot be made for the Frequency
Dependent Rejection (FDR), as the radars and SU employ
transceivers with different spectrum masks and that may be
uncalibrated.

To ensure that the interference at the radar does not surpass
a specified level ISU-radar

i (t) < Imax, the SU cannot transmit
whenever λi(t) is above the threshold γthres, which can be
derived by subtracting equations (3) and (4) as follows,

γthres = P radar,Tx
i − FDRradar-SU

i + Imax − P SU,Tx
i + FDRSU-radar

i .
(5)

We define an interference period (∆IP) as a time interval
where we have λ(t) ≥ γthres ∀t ∈ ∆IP. Additionally, we
consider a radar system r to be within interference range of
an SU if the peak value of λr(t) for the SU is above γthres.

As can be seen from (5), γthres is dimensioned based on
terms which are not known locally by SUs and change from
radar to radar. Furthermore, as the condition λi(t) < γthres
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Fig. 2: Characterization of a radar periodic scan pattern.

for SU transmissions does not account for the aggregation of
interference from multiple SUs, a safety margin has also to
be subtracted from γthres. To account for all these factors, we
argue that it should be the role of the SAS to set γthres and
inform SUs of its value. The SAS may set a unique, constant
γthres value following a worst scenario approach, change γthres
according to the SU’s location or based on interference reports
from incumbents, or set different γthres values for different ΞPT

the SU may detect. We consider out of the scope of this paper
to evaluate different mechanisms the SAS may use to compute
γthres.

From (5), it is apparent that γthres, for a single SU case,
is constant in time and does not depend on the instantaneous
radar antenna gain or orientation. In particular, the threshold
does not depend on whether the radar antenna tilt is aligned
with the SU or which radiation lobe illuminates the SU at a
given instant of time.

C. Periodic Scan Pattern Model
When radar systems exhibit periodic scan patterns and fixed

propagation conditions, the λi(t) curve can be fully character-
ized by the features TASP

i , ΛPARP
i (t) and Tλ,ref

i,n , described in
Table I and illustrated in Figure 2.

For a given time t, the instantaneous rotation phase can be
derived through the following transformation

θ(t) = 2π

(
t− Tλ,ref

i,n

TASP
i

−

⌊
t− Tλ,ref

i,n

TASP
i

⌋)
(6)

In turn, we obtain λi(t) through ΛPARP
i (θ(t)). Based on phase

intervals Θi,k, k ∈ {1, ..., NΘ
i }, we derive the interruption

periods (∆IP
i,k,m|n) for a single radar-SU pair and for any

antenna scan index m ∈ N as follows

∆IP
i,k,m|n =

TASP
i

2π
Θi,k + Tλ,ref

i,n + (m− n)TASP
i (7)

D. Multipath Effects
Multipath may significantly affect the shape of ΛPARP

i (θ),
distancing it from the real radar antenna radiation pattern. To
corroborate this claim, we illustrate in Figure 3 two represen-
tative examples of the λ(t) curves, one in LOS and the other
in NLOS, we collected during our measurement campaign in
Cork naval base, Ireland [28]. As can be seen in Figure 3a,
the illumination instances of our spectrum analyser by the
radar antenna main-beam under LOS are evident, displaying a
signal strength approximately 25 dB higher than the instances
that result either from reflections or the illumination by side-
lobes. In contrast, under NLOS conditions, the effect of clutter

becomes non-negligible, and the ΛPARP
i (θ) is significantly less

sparse. As a consequence, there will be, in the latter case,
a higher number of interruption phase intervals NΘ

i , and the
SU will need to interrupt its transmissions more frequently to
avoid causing interference.

(a) LOS environment.

(b) NLOS environment.

Fig. 3: Measured λ(t) curves at different fixed locations for a
magnetron radar. Each blue circle corresponds to a detected pulse
with a specific TOA and PA.

As shown in Figure 3, in scenarios of low or no mobility,
reflection paths maintain a constant relative attenuation and
angle of arrival, and the λ(t) curves display an approximately
periodic pattern. In the high mobility case, not shown in this
paper for brevity, we observed that the periodicity of λi(t)
would be lost, and the ΛPARP

i (θ) would gradually change over
time. The nature and rate of this variation were particularly
correlated to the speed of the link terminals, and the spatial
correlation of their channel fading.

Based on such observations, we decided to separate the time
series ΛPARP

i (θ; t) into a static term, a stationary stochastic, and
trend stochastic processes as follows,

ΛPARP
i (θ; t) = ΛPARP

i (θ; t0) + Zi(t) + Ui(t) (8)

Here ΛPARP
i (θ; t0) is a reference Perceived Antenna Radiation

Pattern (PARP) for time t0. Zi(t), and Ui(t) represent the
channel decoherence processes. To the best of our knowledge,
there are no propagation studies on modelling the processes
Zi(t) and Ui(t) for radar spectrum sharing. As full analysis
of Zi(t) and Ui(t) is out of scope here, we focus on the
quasi-static radar-SU scenario, where Ui(t) is negligible and
Zi(t) is modelled through a discrete white noise stochastic pro-
cess Zi,0, Zi,1, ..., Zi,n with distribution N (0, σPARP

Λ ), where
Zi(t = mτ) = Zi,m, and τ is the decoherence time.
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III. TEMPORAL SHARING DESIGN

Temporal sharing relies on a Quiet Period (QP) allocation
scheme that maximizes the SU’s throughput under the con-
straint of limiting the interference at any of the neighbour
Nradar radar systems to be below the stipulated limit Imax dBW.
With SQP as the set of all scheduled QPs, we state this as

∆IP
i,k,m ⊆ SQP ∀i ∈ {1, ..., Nradar}, k ∈ {1, ..., NΘ

i },m ∈ N
(9)

Each QP in SQP results from one or the union of multiple
intersecting expected interruption periods ∆̂IP

i,k,m that the SU
computes through equation (7). Naturally, uncertainties, such
as noise, channel decoherence, and multiple radars’ interfer-
ence will make ∆̂IP

i,k,m 6= ∆IP
i,k,m. Therefore, the probabilities

of interruption misdetection and false alarm can be expressed
as,

P IP
MD = P (t /∈ ∆̂IP

i,k,m|t ∈ ∆IP
i,k,m) (10)

P IP
FA = P (t /∈ ∆IP

i,k,m|t ∈ ∆̂IP
i,k,m) (11)

Here, we propose a temporal sharing architecture that supports
the joint minimization of these two probabilities.

A. Proposed SU Architecture
In figure 4, we illustrate our SU system architecture, which

is formed by the three main sub-modules: controller, reasoning
engine, and spectrum monitoring system.

1) controller: The controller interfaces with the SAS, from
which the controller obtains policy and context-aware spec-
ifications, such as γthres, Tsensing,min, available channels, and
authorization to perform temporal sharing. The controller con-
figures the other sub-modules on the basis of this information.

2) reasoning engine: The reasoning engine is conceptually
divided into the sub-modules: modeling system, and temporal
sharing manager. The modeling system gathers and processes
the spectrum occupancy reports coming from the spectrum
monitoring system and constructs a representation of the SU’s
radio environment, which we call an RF snapshot. An RF
snapshot contains information on the number of radar systems,
Nradar, as well as their estimated waveform and scan features
Ξ̂PT
i , and Ξ̂scan

i . The temporal sharing manager utilizes the
information stored in the current RF snapshot to infer the
∆IP intervals based on (7), which it then uses to schedule
future QPs. It also coordinates the activation of the spectrum
monitoring system in order to update the current RF snapshot.

3) spectrum monitoring system: The spectrum monitoring
system comprises all the signal processing stages needed to
detect, separate, and characterize the radar systems within
interference range. Measured and processed radio environment
data is then represented as a spectrum occupancy report over
the time period specified by the reasoning engine’s activation
command.

We divide the processing of the SU’s received samples into
three different tasks: pulse detection and PDW estimation,
pulse sorting, and scan analysis. In the first task, the spectrum
monitoring system estimates PDW sets (Ξ̂PDW) for pulses of
intercepted radar signals. Pulse sorting then follows, which

Fig. 4: Proposed architecture for an SU’s temporal sharing cognitive
engine, and its interactions with remaining components, namely SAS,
radio front-end, and RAT.
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Fig. 5: Illustration of the SU’s behavior after losing synchronization
with a radar rotation.

clusters the detected pulses based on their Ξ̂PDW into distinct
PTs with feature sets Ξ̂PT

i and generates a λi(t) for each PT.
Scan analysis then estimates the incumbents’ scan parameters
Ξ̂scan
i from these λi(t) curves to form the RF snapshots.

B. SU’s behaviour

Figure 5 exemplifies the behaviour of our temporal sharing
mechanism for the case of a single Primary User (PU). During
normal operation, the SU’s activity is divided into quiet and
transmission periods. The SU exploits QPs to detect changes in
the radio environment and update its RF snapshot, in a process
we denominate as tracking procedure. For each tracking proce-
dure, the spectrum monitoring system generates an updated RF
snapshot, which the modeling system subsequently compares
against the prior RF snapshot. If the two sensing reports agree,
only minor adjustments in radar estimates occur to maintain the
SU synchronized with the radar rotation pattern. On the other
hand, in case of significant mismatch, a sensing procedure
occurs immediately, so that the modeling system obtains a new
RF snapshot. Such an approach allows the SU to cope with
unexpected events, such as the appearance of a new PU, or
loss of synchronism with an already detected system.

The duration of sensing procedures is on the order of several
seconds to allow the radar to sweep the SU multiple times,
which ensures successful discernment of scan parameters.
Tracking procedures, in contrast, last for only a few mil-
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liseconds, matching approximately the time a radar system’s
antenna lobe spends pointing at the SU.

Considering the lack of a priori knowledge regarding the
incumbents’ ASP, the SU cannot set a sensing time that
ensures a reliable ASP estimate for every possible scenario. In
light of this, SUs should frequently assess whether they have
enough measurement data prior to halting sensing. Therefore,
pulse sorting and scan analysis should operate in an online
manner with inputs as a memory-limited representation of past
processing results and the most recently detected pulses to
avoid the computational cost of multiple uses over a growing
set of collected pulses.

C. Background and problem definition for the radar signal
deinterleaving

The SUs must detect the radar systems within their inter-
ference range. These radars may be identified with a detection
threshold γthres well above the noise floor (e.g. see the DFS
case [3]), considered over the range of frequencies within
the SU’s bandwidth of operation (e.g. 20 MHz). With this
in mind, the success of the deinterleaving process depends on
four factors:
• separability of the PTs - The set of features ΞPT selected

for deinterleaving determines the distance between PTs.
The optimal set ΞPT depends on the number of radar
systems within range and the features that distinguish
the emissions of each systems, which is sharing scenario
specific.

• quality of the PDW estimator - A large Root Mean
Squared Error (RMSE) for PDW estimations indicates
disperse pulse descriptions that are difficult to separate.

• γthres - A low γthres results in a high RMSE for estimated
PDWs.

• pulse sorter’s design - The sorting algorithm must jointly
identify the number of PTs Nradar in the radio environment
as well as their centroids ΞPT

i and boundaries, to correctly
associate detected pulses with PTs.

In this work, we examine the ability of the pulse sorter in
differentiating PTs based on centre frequency, PW, and PRI.
We selected these features on the basis of their generality to all
pulsed radar systems. While our model can utilize IPM-specific
features or angle of arrival information, we avoid the use of
these elements to maintain generality. Furthermore, we leave
the decision as to whether deinterleaving is necessary within a
given region and band or a more specific set of PDWs to the
dominion of the SAS.

Since the SU does not have an initial estimate for each PT’s
T̂ PRI, we apply an approach from ELINT of following cluster-
ing based on [T̂ PW, f̂PF] with TOA deinterleaving. This follow-
on stage of deinterleaving operates over individual clusters to
build sequential patterns of pulses with [t̂TOA,ref, T̂ PRI] values.
The inherent challenge of such period estimation rests in the
possibility of obtaining results that are harmonics of the true
value. This problem is exacerbated by any missed pulses as
a result of non-ideal detection. Additionally, the long silent
periods caused by the radar antenna rotation aggravate this
issue in temporal sharing.

Several TOA deinterleaving methods have already been
proposed in the literature for ELINT [29]–[33]. Unfortunately,
most of these algorithms are limited in terms of information
obtained about PTs’ bursts timings, which is necessary for later
scan analysis, or in terms of lack of online operation. While
the approach of [31] does not share these typical limitations,
their method does not consider the long silent periods inherent
in temporal sharing which may cause this algorithm to obtain
an harmonic of the PRI rather than the true PRI. Therefore, we
provide a pulse sorting algorithm suitable for temporal sharing
in section IV.

D. Background and problem definition for interruption period
prediction

Once successful deinterleaving occurs, interruption period
prediction depends primarily on the quality of the radars’ scan
parameters estimates Ξ̂scan

i , specifically T̂ASP
i , Λ̂PARP

i (θ), T̂ ref
i,n,

and the channel decoherence, which limits the predictability
of the channel.

As illustrated in Figure 2, a conventional radar system’s
λi(t) curve can be conceptually characterized as a train of pe-
riodic narrow spikes that result from illuminations by antenna
lobes or reflections, interleaved with low power or gap periods.
This highly non-sinusoidal shape with missing samples, as well
as our requirement of adaptive sensing times, makes Fourier
techniques ill-suited to our T̂ASP

i period estimation problem.
Therefore, we employ data-folding techniques, which better
fit our scenario and simultaneously obtain the ASP and PARP.

The literature commonly suggests the use of phase dis-
persion minimization or autocorrelation as indicators of the
quality of a solution. However, we observed that none of these
methods is robust against the detection of harmonics of the
actual period, and phase dispersion performs poorly for non-
smoothed signals. For this reason, we decided to design our
own test statistic.

We employ a stopping criterion to govern our adaptive
sensing scheme, which determines the accuracy of the Ξ̂scan

i
estimates. This criterion must remain valid regardless of the
noise or interference level and the radar scan pattern character-
istics to ensure that the target P IP

MD is met. Once the stopping
criterion triggers, scan tracking is still necessary to avoid
the accumulation of small deviations in the estimates T̂ASP

i

and T̂ ref
i,n over time which may misalign ∆̂IP

i,k,m from ∆IP
i,k,m.

Buffering scheduled QPs with a small safety margin tSM
handles any residual deviation remaining after scan tracking.

We subtract a safety margin γPARP
Λ from the stipulated

threshold γthres to overcome residual errors in the Λ̂PARP

estimates and the effect of channel decoherence. Assuming
perfect synchronization, γPARP

Λ is computed to satisfy

P IP
MD = P (Λ̂PARP

i (θ) < γthres−γPARP
Λ |ΛPARP

i (θ)+Zi(t) > γthres)
(12)

Here P IP
MD is the target misdetection probability. We observe

that P IP
MD may not reach zero even in the case of perfect

estimation (Λ̂PARP
i (θ) = ΛPARP

i (θ)), due to the lower bound
of decoherence phenomenon Zi(t).
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Fig. 6: Illustration of the pulse detection circuit. We illustrate in
red and green dash line the paths and modules activated when the
circuity perceives that the channel is occupied or not, respectively.
The remaining paths and modules are always activated.

Fig. 7: Illustration of the curve fitting method used to fit the received
smoothed pulse to a trapezoid and extraction of PDW values - PW,
TOA, and PA.

IV. RADAR SIGNAL DEINTERLEAVING

A. Pulse Detection and PDW estimation

To address a lack of knowledge regarding the PUs’ wave-
form, we provide a non-coherent pulse detection and identifi-
cation mechanism illustrated in Figure 6, which can be divided
into three main stages: signal smoothing, pulse detection and
PDW detection.

In the signal smoothing stage, we apply a moving average,
with size M , to the input samples x[n], producing a smoothed
set of samples y[n]. This process reduces the effect of noise
in the detection and estimation of pulses’ PDWs in subsequent
stages.

In the pulse detection stage, pulses are separated from
noise by comparing the samples y[n] with γpulse. Samples that
correspond to a pulse remain in memory for PDW extraction,
while those containing only noise support online noise floor
and γpulse calibration.

In the PDW extraction stage, we estimate identifying fea-
tures of the pulses. Using the least squares metric, we fit a
trapezoid to the pulse samples from y[n], as shown in figure
7. We employ an isosceles trapezoid with a difference of 2M
between the maximum and minimum parallel side lengths, but
a variable height, base length, and starting point to characterize
individual pulses. The fitting process yields the sampling rate
f0 from the 50% rise and fall times of the trapezoid and
the PA from the height of the trapezoid. Further trapezoid
analysis then provides nTOA = tTOAf0 and NPW = T PWf0.

Applying this information supports calculation of the PF from
the original IQ samples x[n]:

fPF =
f0

2π
arg

(
nTOA+NPW∑
n=nTOA

x[n]x[n+ 1]∗

)
(13)

Here (.)∗ is the complex conjugate operator, and arg(.) is the
argument of a complex number. This method for determining
PF avoids a frequency domain analysis of the pulse, which
is challenging to perform when the range of possible pulse
durations is high.

B. Pulse Sorting
1) Clustering based on PW and PF: The pulse sorter

clusters pulses with the nearest neighbour method, using the
Mahalanobis distance as metric. The Mahalanobis distance
between a pulse’s estimated parameters s̃ = [T̂ PW, f̂PF]T and
a cluster k can be computed as follows,

d[k] =

√
(s̃− µk)TR̂−1

s (s̃− µk) (14)

Here µk is the estimated centroid for the cluster k, and R̂s ∈
R2×2 is the estimated covariance matrix of the pulse’s s̃. In
our scenario, Rs is unknown a priori, and depends on the
Signal to Noise Ratio (SNR), which varies with radar antenna
rotation, and the quality of the PDW estimator from section
IV-A. To maintain performance, we compute Rs over different
SNR levels off-line and store the results in a table. The SU
then uses the arriving pulse’s ÂPA to infer SNR and obtains
R̂s from this table.

The distance d[k] between the pulse being sorted and
all clusters is computed to identify the cluster at minimum
distance (kmin). We then compare d[kmin]2 with a validation
gate γC to determine whether to add the pulse to the minimum
distance cluster or create a new cluster. If d[kmin]2 < γC, the
pulse joins the cluster and the cluster centroid is updated.
Alternatively, if d[kmin]2 > γC, the sorter tests for two
conditions before creating a new cluster:
• The pulse’s ÂPA must be higher than γthres to limit initial

error in the estimation of a cluster’s centroid µ and avoid
outliers.

• The pulse must not result from a collision between
multiple pulses. The sorter assumes a collision if the pulse
fits at least two of the generated PTs from deinterleaving,
and, in such cases, discards the pulse.

We adjust γC so that the probability that detected pulses fall
outside their true cluster’s association region is lower than a
predefined value. Unfortunately, γC cannot be computed ana-
lytically, as the cluster centroids µk and R̂s are not known with
infinite precision, and the distribution of the estimated PDWs,
particularly T PW, is not a Gaussian distribution. Therefore, we
obtain this threshold empirically through iterative testing.

We consider two PTs to be separable through clustering if
their gating regions do not intersect for pulses with power
higher than γthres. In contrast, if gating regions overlap signif-
icantly, the pulse sorter must rely on the TOA deinterleaver to
separate the two PTs.
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2) TOA Deinterleaving: Our TOA deinterleaving method
is a multi-target tracking algorithm, that jointly estimates the
number of targets or PTs and their PRIs, as well as correctly
associates the detected pulses to their respective PT based on
their TOA. Each PT candidate is characterized by the following
parameters,
• Npulses - Total number of pulses that were added to the

PT candidate.
• tTOA,ref, APA,ref - TOA and PA values of the last added

pulse to the sequence.
• T̂ PRI - The estimated PRI of the PT, recursively updated

each time a new pulse is added to the PT as follows,

T̂ PRI
m = T̂ PRI

k +

t̂TOA−tTOA,ref
k

kskips
− T̂ PRI

k

Npulses + 1
(15)

Here m and k are the indexes of the new and last added
pulses of the PT. t̂TOA is the observed TOA of the added
pulse, and kskips = round

(
t̂TOA−tTOA,ref

k

T̂ PRI
k

)
. This equation

accounts for missed pulses between the last and new
pulses, i.e. m > k + 1.

• Nconsec - Counter of the number of consecutive pulses,
which is reset every time a pulse is added with kskips > 1.

• Qf - The fitness factor of the PT, used to discern whether
a detected PT is just a false alarm. We calculate this
factor as a ratio, where the denominator is Npulses, and the
numerator is the number of pulses inserted with kskips = 1
and that meet the condition,∣∣∣ÂPA|dB −APA,ref

k |dB

∣∣∣ < γPA|dB (16)

Here .|dB represents the conversion operator to decibels
and γPA is a threshold defined a priori. This fitness factor
penalizes PTs with incorrectly estimated PRIs resulting
from either an a-periodic TOA, indicated by several
missed pulses (kskips > 1), or large deviation in the PA of
consecutive pulses, which is typical of pulses generated
by different radar emitters. However, this factor does not
penalize candidates whose PRI is an harmonic of the true
PRI. In this work, we denote a detected PT with a Qf
higher than 0.6 and Npulses higher than 5 as a “promoted
candidate”.

Our deinterleaving algorithm can be subdivided into three
concurrent stages: (i) target generation, which concerns the
creation of new PTs as candidate solutions, (ii) data association
where detected pulses are assigned to existing candidates, and
(iii) target pruning that deals with the removal of PTs with low
fitness factor or that are mutually exclusive.

Target generation is only activated in the occurrence of a
detected pulse that does not fit in any of the already existing PT
candidates. To determine whether a pulse p fits in a candidate
t, p must satisfy the following test,

dist(p, t) =
∣∣∣t̂TOA
p −

(
tTOA,ref
t + kT̂ PRI

t

)∣∣∣ < γPRI (17)

Here k ∈ Z, t̂TOA
p is the estimated TOA of the pulse to assign.

tTOA,ref
t is the TOA of the last inserted pulse on t. γPRI is a

gating threshold specified a priori.

A new PT candidate is created for every combination of
three approximately equidistant pulses, where at least one of
them did not fit in any of the pre-existing candidates, according
to (17). The distance between these three pulses will determine
the initial T̂ PRI of the PT. An example of this process is
illustrated in Figure 8. To limit the scope of the candidate
search we apply four extra constraints: (i) The search window
is bounded by a maximum PRI (T PRI

max) value set a priori; (ii)
candidates with the same PRI and tTOA,ref cannot be created;
(iii) the difference between the PAs of the three initial pulses
that form a candidate must be lower than γPA|dB; and (iv)
harmonics of an existing PT are only created if the latter is not
yet promoted. We denote a PT candidate t2 as an harmonic of
order k of t1 if the following conditions are satisfied,∣∣kT PRI

t1 − T PRI
t2

∣∣ < γPRI, k ∈ N+ (18)∣∣∣tTOA,ref
t1 −

(
tTOA,ref
t2 + jT PRI

t2

)∣∣∣ < γPRI, j ∈ Z (19)

Our data association procedure follows a hybrid hard/soft
decision approach. We assign a pulse to a single candidate
t if the constraint (17) is met for a k equal to 1, and t is
a promoted candidate. In case multiple candidates exist that
meet all of the previous requirements, we assign the pulse to
the one with the lowest T PRI. Otherwise, when no candidates
exist, we enter the soft decision domain in which the pulse
is assigned to all PTs that fit (17). Intuitively, hard decisions
should only take place when the degree of confidence in a
particular association is high. This will lead to a decrease of
the Qf of incorrect solutions, as they will not be assigned new
pulses.

Generated candidates fall into four possible categories: (i)
PTs that match actual solutions in PRI and TOA alignment,
according to (18) for an harmonic order k equal to 1, and to
(19); (ii) PTs with incorrect PRI or non-aligned TOAs values;
(iii) harmonics of type (i); and (iv) sub-harmonics of type (i).
The goal of the pruning algorithm is then to detect the PTs of
type (i) and remove the remaining as invalid solutions.

Pruning removes type (ii) sequences when a time longer
than 10T̂ PRI passes without updating these sequences with new
pulses. However, considering that detected radar pulses may
arrive in short bursts interleaved by long periods of silence
as a result of the radar antenna sweep patterns, pruning in
this manner must be carefully controlled to avoid unwanted
erasure. To avoid this, we apply what we call the “stay-
alive mechanism” that prevents promoted candidates from
being removed. Instead, the pruning algorithm labels promoted
candidates as “defunct” and reanimates these candidates when
a new candidate with the same PRI is detected.

The elimination of type (iii) sequences, on the other hand,
requires first finding their respective sub-harmonic t1 that
meets the conditions (18) and (19), is promoted, and has a
QfNpulses value higher than theirs. To ensure that t1 is not
itself a type (iv) of an actual solution t2, we verify whether
t1’s Qf is lower than 0.6, and, in such case, t1 is erased
instead.

The complexity of the algorithm is dominated by the fitting
process of the arriving pulses to the existing PT candidates,
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Fig. 8: Example of new PT candidates, each characterized by a unique
TOA and PRI, being generated when a new PT, represented by blue
vertical arrows, arrives. The green, pink, and blue horizontal arrows
consist of type (i), (ii), and (iii) candidates. The horizontal arrows
in dash line represent non-created candidates, as they would neither
form a sequence of at least 3 equi-distant pulses (in pink color), nor
comply with constraint (ii) (in light blue).

Fig. 9: Using the proposed algorithm for staggered PRFs will lead
to the detection of multiple PTs with PRI equal to the sum of the
radar’s individual PRI values. In this Figure, two PTs, represented in
blue and green, were detected.

which grows with O(NNKK), where N , NK and K are
the number of observed pulses per PT, actual PTs, and
candidates, respectively. As the deinterleaver quickly stabilises
in the correct solution, the number of candidates K reduces
asymptotically to NK , and the complexity becomes O(NN2

K),
where NK will generally be low.

For the case of staggered PRF systems, the proposed al-
gorithm will identify multiple PTs with the same PRF as
illustrated in Figure 9. The occurrence of such an event can
be easily recognized during scan analysis, as the resulting
PTs’ λ(t) curves will have similar shape, period and absolute
amplitude. In the case of jittered PRF systems, our proposed
approach is to relax γPRI. Finally, when radar systems employ
less trivial PRF schemes or it is the operator’s objective not to
have its radar systems’s waveform parameters disclosed, pulse
sorting needs to be switched off and the database has to ensure
there is only one radar within the SU’s interference range for
temporal sharing to take place. An example of such scenario
includes ground-based radars, deployed in a geographically
sparse manner.

V. SCAN ANALYSIS AND TRACKING

The steps involved in the analysis of the detected PTs’
λ(t) curves depend on whether the reasoning engine has sent
a tracking or sensing command to the spectrum monitoring
system. More specifically, for sensing procedures, the SU’s
goal is to estimate the scan parameter sets Ξscan of the detected
PTs, while for tracking procedures, the objective is to estimate
and compensate for drifts in the radar systems’ rotation phases,
and detect mismatches between the radio environment and the
reasoning engine’s current RF snapshot.

A. Scan Analysis and Interruption Prediction
During a sensing session, the PTs detected and promoted by

the pulse sorter become eligible for scan analysis when they
are deemed within interference range, i.e. when their respective
λ(t) curve’s peak crosses γthres. As soon as this event occurs,
the scan analyser can initiate the estimation of their ASP,
PARP, and reference timestamps. These computations occur
concurrently to pulse detection and sorting.

Our period estimation method consists of data-folding λ(t)
for several ASP guesses (T̂ASP), and after our stop criterion is
reached, selecting the guess with the highest test statistic T .
We perform data folding by applying of the transformation
(6) that converts a time instant t to an antenna rotation
phase θ(t), followed by the quantization of θ(t) to θn =
Q(θ(t)), n ∈ {0, ..., Nbins}, where Nbins is the number of bins
and defines the phase resolution of the obtained PARP. The
PARP’s average Λ

PARP
(θn) and autocorrelation Rcorr are then

obtained as follows,

Λ
PARP

(θn) =
1

Nf

∑
Q(θ(t))=θn

λ(t) (20)

Rcorr =

∑
t λ(t)λ(t− T̂ASP)√∑

t λ
2(t)

∑
t λ

2(t− T̂ASP)
(21)

Here Nf is the number of folds. Our test statistic is then
expressed as follows

T = (Rcorr)
η

(
Λ

PARP
(θmax)−

arg max
D=2,...,Dmax

1

D

D−1∑
i=1

Λ
PARP

(
θmax + i

360

D

))
(22)

Here η is a relevance weight that we assign to the auto-
correlation factor θmax = arg maxθn Λ

PARP
(θ). Dmax is the

maximum number of harmonics to filter out.
We employ a heuristic described in Algorithm 1 that selects

the best period guesses for which data-folding is applied in
a computationally light manner to support real-time operation.
Our heuristic initially smoothes the λ(t) curve to remove high-
frequency noise, and subsequently computes the local maxima
(t(i)), in which the smoothed curve exceeds a predefined
threshold. Lscan represents the set of all scan pattern candidates
at a given time for a single PT, where each candidate s is the
result of a different combination of t(i) ∈ L∆ pairs.

As a stop criterion, sensing sessions terminate upon detect-

ing a candidate scan pattern with a R
1
Nf
corr above a pre-defined

threshold γR, and a Λ
PARP

(θmax) above γthres, for all PTs within
interference range. If there is more than one candidate per
PT that meet these requirements, the one with highest T is
selected.

In our use case, we observed that very small deviations in
the period guesses T̂ASP were enough for the radar main lobes
to misalign across consecutive data folds, which led to poor
PARP estimations. While smoothing could be used to reduce
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Algorithm 1 Algorithm for creation and update of new scan
pattern candidates

Update PT’s λ(t)
λ̃(t)← smooth of λ(t)
t(x) ← new peak found in λ̃(t) above γthres
for each t(i) in L∆ do
τ = t(x) − t(i)

if ∃a ∈ LscanT̂ASP
a ≈ τ and θa(t(x)) ≈ 0 then

continue
end if
if #Lscan ≥ 20 then

sort Lscan by descending T
erase last Lscan elements until #Lscan = 15

end if
s← new scan pattern candidate
T̂ASP
s ← τ

T̂λ,ref ← t(x)

Update Λ
PARP

(θn) and Rcorr
Lscan ← s

end for
L∆ ← ∆IP

x

this sensitivity, this method distorts the shape of the PARP.
Our solution integrates a T̂λ,ref tracking mechanism into the
PDM method to force peaks in the λ(t) to stay aligned across
folds. More specifically, considering a gating region of size ε,
the new reference T ref

n is selected as the maximum λ̃(t) within
the interval [T̂λ,ref

n−1 + T̂ASP − ε
2 , T̂

λ,ref
n−1 + T̂ASP + ε

2 [, and T̂ASP

is updated as an average of all previous T̂λ,ref
n − T̂λ,ref

n−1 values.
The spectrum monitoring system includes interruption angle

intervals Θi,k of the chosen patterns, i.e. the angles at which
the Λ

PARP
(θn) are above γthres, in the report back to the

reasoning engine. The reasoning engine will then replace its
current RF snapshot with the new one and compute the QPs
according to (7).

B. Scan Tracking
For the case of tracking sessions, the scan analyser module

just detects the interruption intervals ∆IP, when λ(t) crosses
γthres, and forwards them with the respective PT’s feature sets
ΞPT
i as a report to the modeling system for comparison with

the current RF snapshot.
First, the modeling system associates detected PTs with the

ones that compose the current RF snapshot, based on their
respective PT feature sets ΞPT

i . We resorted to the Kuhn–
Munkres algorithm for this procedure, followed by a validation
region that filters out any match whose PRI, PW, or PF
difference exceeds pre-defined gating thresholds. For each
correct PT association, the PT’s detected interference periods
∆IP are intersected with the expected ones ∆̂IP, according to
the current RF snapshot. If a detected PT is left unmatched,
the SU concludes that there is a new radar in the radio
environment, and starts a new sensing procedure to estimate
its features. On the other hand, if the SU does not observe an
Expected Interference Period (EIP) that it expected during the
tracking session, the SU infers a loss of tracking and starts a
new sensing session. In any other case, the new report data
simply refreshes the current RF snapshot.

The RF snapshot refresh process comprises: (i) the readjust-
ment of the radars’ interruption angle intervals Θi,k based on

the mismatch between ∆IP, and ∆̂IP, and (ii) the readjustment
of the ASP and Tλ,ref, when the SU perceives that the radar
rotation phase has crossed the angle θ = 0◦ of its PARP.
Here, we employ a Kalman Filter, applying the following
predicted state and covariance estimate, and measurement
system models,

xk|k−1 = Fxk−1|k−1 =

[
1 1
0 1

]
xk−1|k−1 (23)

Pk|k−1 = FPk−1|k−1F
T (24)

zk = Hxk = [1 0] xk (25)

Here xn|m = [Tλ,ref
n|m , T

ASP
n|m]T, xk−1|k−1 and Pk−1|k−1 are the

current state and covariance estimates. xk|k−1 and Pk|k−1

are the predictions for the next radar full rotation. zk is the
actual observations, in particular the new T ref. The obtained
a posteriori states xk|k and Pk|k through the Kalman filter
formula support estimation of the next state.

We use Pk|k−1 to compute the time safety margin tSM for
the future tracking events. Considering that the true state xk
follows a multivariate Gaussian distribution with mean xk|k−1

and covariance Pk|k−1, through marginalization over TASP
k ,

we conclude that the time reference error ek = Tλ,ref
k −

Tλ,ref
k|k−1 follows a Gaussian distribution with variance equal

to {Pk|k−1}1,1 = σ2
T ref . We then compute the time safety

margin through tSM =
√

2σT ref erf−1 (pe), where pe is the
target probability of T ref falling outside of the margin bounds.

VI. RESULTS

A. Probability of detection and quality of the PDW estimator
We begin by first measuring the isolated performance of the

pulse detection and PDW estimation algorithm, for the case of
a single radar system in the environment.

For each simulation run, we generated a radar pulse train at
a sampling rate of 40 MS/s with a distinct waveform and SNR.
We tested a short-pulse Pulsed Carrier (PC) modulation signal
with a PW of 0.5 µs, and two long-pulse signals with a PW of
20 µs, one PC modulated and the other using Linear Frequency
Modulation (LFM). A radar PW of 0.5 µs corresponds to five
samples per pulse (nPW = 5). The SU sampled the received
signal at baseband at 10 MS/s. While lower sampling rates
would reduce power consumption, they would also reduce nPW
and, consequently, precision in the PDW estimation.

We compared the set of detected pulses by the SU SSU
and the set of pulses originally transmitted by the radar Sradar
to obtain the probability of detection and PDW estimation
performance. We matched two elements of the two sets if
the TOA of a pulse in SSU, tSU, is located within the interval
tSU ∈ [tradar−0.5, tradar +T

PW +0.5]µs, where tradar is the TOA
of a pulse in Sradar. Unmatched pulses from SSU and Sradar are
false alarms and misdetections, respectively. Figures 10 and
11 display pulse detection probability (PD) and RMSE curves
for PW, PF, TOA, and PA, over varying Peak Signal-to-Noise
Ratios (PSNRs) and RF power, respectively.

We obtained the PD curves in Figure 10 by adjusting the
threshold γpulse to place a boundary on the RMSE of the
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Fig. 10: Probability of detection for a pulse over different signal
strength levels.

detected pulses’ features. This is contrarily to the typical
approach in which the detection threshold is set to maximize
detection probability under a false alarm rate constraint. Our
method supports filtering out detected pulses with low SNRs,
as their poor PDWs estimates complicate deinterleaving during
the pulse sorting stage. Under this configuration, a high pulse
detection probability (over 90 %) occurs only for power levels
equal to or higher than -98 dBm for all tested radar systems.
This provides the lower bound on sensitivity to thermal noise
as the following stages of processing, especially TOA deinter-
leaving and scan analysis, require low pulse misdetection rates
to operate correctly.

In Figure 11, we show the RMSE curves for PW, PF, TOA,
and PA for the RF power levels that correspond to a PD >
50%, and in a dashed line for PD < 50%. As expected, the
shorter the PWs, the higher the RMSE for the PA and PF,
since fewer samples are used to estimate these features. For the
particular case of PW and TOA, on the other hand, the RMSE
curves are approximately independent of the actual PW for
high SNRs, since these estimates are based on rise/fall edge
detection. It is clear that for none of the PDWs, the estimation
error tends asymptotically to zero as the SNR increases. This
phenomenon is a direct result of time resolution ambiguity
caused by the finite sampling rate employed by the SU. For
very low SNRs, the RMSE curves grow very rapidly. However,
through the initial adjustment of the threshold γpulse, the PD
that pulses are detected at these power levels is very low.

The RMSE of the PA, in particular, is lower than 1 dB for
any RF power above -95 dBm. Taking into account that for
radar systems the detection thresholds γthres are usually set at
much higher levels than this (e.g. -64 dBm for DFS), we can
conclude that it is unlikely that the impact of thermal noise in
PA estimation is a relevant factor for scan analysis, and can be
compensated with a small safety margin. In practice, the PA’s
RMSE will be higher than the one displayed in Figure 11 due
to the non-linearity of the SU’s low-noise amplifier. This can
be circumvented, however, by calibrating the Rx to operate in
the linear region around the stipulated γthres, which is the RF
power level at which the critical decision to transmit or enter
a quiet period is made.

B. Pulse Clustering Performance
In Figure 12, we illustrate what would be the radius of the

validation region for PW and PF for different radar systems,

TABLE II: List of the several combinations of radar PRIs tested in
each simulation run.

Runs PRI of radar PTs [ms]
1 {1.0, 0.75}
2 {0.9, 1.0, 1.3}
3 {0.25π, 1.1, 0.2}
4 {0.9, 0.11, 0.5}

over different RF power levels, and for the probabilities of
detection of 99%, 95%, and 50%. In practice, these results
should show how distinct two radar systems should be for
their validation regions to not intersect, and, consequently, be
separable through pulse clustering.

As can be seen, a deviation lower than 800 kHz in centre
frequency or lower than 0.5 µs in PW between two radar sys-
tems is enough for them to be distinguishable using a threshold
γthres > −90dBm. This separability distance, however, should
be dependent on the multipath dispersion factor of the channel.
Unfortunately, to the best of our knowledge, there are not yet
any propagation models dimensioned for the characteristics
of a radar to cellular system that can be used to assess the
impact of this phenomenon. Our measurement observations,
however, showed that the time dispersion caused by multipath
is expected to be low due to the directivity of the radar antenna.

C. Comparison between TOA deinterleaving algorithms

In this test, we compare the performance of our TOA
deinterleaving algorithm with the one proposed in [31] in
terms of probability of radar’s PT misdetection and false alarm
in a multi-radar environment. For each simulation run, we
connected multiple PT signal sources with distinct PRIs and
equal pulse miss rates (PMR) to the input of both deinterleaver
modules for a time period of 7 seconds. To emulate the bursty
nature of pulses’ TOAs that results from the radar antenna
sweeping patterns, we set the pulses transmitted by each source
to arrive in short bursts of 10 ms, interleaved by periods of
silence of 0.99 s. This burst duration is equivalent to the time
that a SU stays illuminated by the main beam of a radar with
antenna beamwidth of 1◦ and rotation period of 3.6 s.

At the end of each run, the two deinterleaver modules output
a list with their detected PTs. To obtain the final false alarm
and misdetection probabilities, we performed a post-processing
assignment step between the PRIs of the detected PTs by each
module and a set composed by the real PRIs. We resorted
to the KuhnMunkres algorithm for this procedure, followed
by a validation threshold that filters out any match whose PRI
difference exceeds 10 µs. The detected PTs whose PRI was left
unmatched were counted as false alarms, while the unassigned
elements of the set of real PRIs as misdetected radar systems.
The final results are shown in Figures 13, and 14 for different
pulse miss rates (PMR) and sets of PRIs. The set of tested
PRIs, in turn, are shown in Table II.

The authors in [31] suggest that to improve their algorithm
performance, with some incurred computational costs, the user
should increase the time window or the number of pulses pro-
cessed per batch sequence-search procedure. However, taking
into account that, in a realistic radar spectrum sharing scenario,
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(a) TOA’s estimation RMSE. (b) PW’s estimation RMSE.

(c) PA’s estimation RMSE. (d) PF’s estimation RMSE.

Fig. 11: Obtained RMSE for different PDWs over different signal strength levels.

(a) PW’s validation gate. (b) PF’s validation gate.

Fig. 12: Radius of the validation region for the estimated PW, and PF.

(a) (b)

Fig. 13: Probability of false positives and negatives for different PTs’ sets over time.

detected pulses arrive in short bursts, increasing the processing
time window beyond these burst durations brings little benefit
and is actually harmful for this algorithm performance. For this
reason, we set the processing time window to 10 ms. Under

this more realistic set-up, this method, however, showed poor
performance results, as can be seen in Figures 13 and 14,
which demonstrate its inability to cope with the bursty nature
of the PTs at its input. In particular, for the PT sets 1, 2 and
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Fig. 14: Probability of burst detection for each PT set over different
PMR levels.

3, the false alarm sequences seem to grow without bound with
time and the probability of burst detection is never 1 even for
PMRs equal to zero. These results demonstrate the difficulty
displayed by this method at deinterleaving PTs with PRI in
the same order of magnitude.

Overall, our proposed algorithm led to comparatively lower
false alarm and misdetection rates and displayed reasonably
high robustness to occasional missed pulses. The low misde-
tection rates obtained are a direct consequence of the proposed
“stay-alive mechanism” of keeping PT candidates with good
fitness factor stored when interrupted with long periods of
silence, and the fact that our algorithm does not rely on
fixed sequence-search time windows set a priori to detect PT
candidates. The low false alarm rates, on the other hand, were
possible mainly due to our algorithm’s capability to identify
and erase detected PT candidates that are harmonics or sub-
harmonics of other PTs.

As the PMR approaches 40%, there is an evident loss
in performance for our algorithm. This phenomenon was
expected since at these PMR levels, the fitness factor of the
PT candidates gets closer to their stipulated minimum level of
0.6, before they get tagged as poor candidates and pruned.
However, such high PMR levels are unlikely to happen at
RF power levels above -96 dBm, as demonstrated in Figure
10, unless strong interference by another system occurs or the
collision rate between pulses is high.

It is also important to note that the results shown in Figure
13 for the proposed algorithm are worst-case scenario ones,
as they were obtained for the case that the radar systems’ PTs
arrive to the user with exactly same RF power. In case the
rotation phases of the radar systems are asynchronous at the
SU’s location, the condition (16) reduces the fitness factor of
PTs composed by multiple radars’ pulses even further, leading
to their removal from the list of outputs.

D. Scan Analysis Performance

The goal of this test is to evaluate the capability of the
SU to, based on the obtained λ(t) curves of the detected PTs
during the sorting stage, correctly infer the future interruption
intervals ∆IP

i,k. Solving this problem requires the estimation
of the scan parameters Θi,k, T ref

i,n, and TASP
i . As discussed

in VI-A, the thermal noise has negligible impact on the PA

estimation error for RF power levels around the conventional
detection thresholds used to protect radar systems. Thus,
we focus our analysis on the more relevant phenomenon of
channel decoherence across scan rotations, modelled through
Z(.) in equation (8).

In this simulated scenario, the radio environment was
composed by a single circularly-rotating radar system with
an antenna radiation pattern shaped according to the mask
recommended by the ITU-R for the 5 GHz band in [3], a
transmit power of -69 dBm, and ASP of 3 seconds. The SU,
in turn, applied a γthres of -74 dBm, γR of 0.8, and Tsensing,min
of 5 seconds. The channel decoherence was modelled by
varying the standard deviation σPARP

Λ for a stochastic process
Z(.) with decoherence time of 10 ms. For each simulation
run, we initialized a sensing session on the SU, which will
only terminate once the SU assesses that it has collected
enough information regarding the radar scan parameters. The
transmission stage then follows, which was set to last 60
seconds, to measure the probabilities of detection and false
alarm.

In Figures 15a and 15b, we display, in the form of Receiver
Operating Characteristic (ROC) curves, the performance of
our scan analysis system at detecting and tracking interruption
intervals, for different channel decoherence levels σPARP

Λ and
radar antenna gains Gmax, respectively. Each ∆IP was com-
puted based on the estimated scan parameters, according to
(7), extended by a time safety margin computed directly from
the Kalman Filter covariance output as described in Section V.
In both Figures we also draw in red the performance curves
that an SU would obtain if it had a priori knowledge of the
scan parameters and the synchronization was perfect.

Both Figures 15a and 15b show an overall close match be-
tween the performances of the proposed scan analysis system
when the scan parameters are known and not known a priori.
This proves that the upper bound in performance of the scan
analyzer is mostly defined not by its scan parameter estimation
performance but rather by the environment factor of channel
decoherence that reduces the predictability of the channel. As
shown in Figure 15b, for the same σPARP

Λ , this phenomenon
gets exacerbated the less directive the radar antenna is.

A significant mismatch between perfect synchronization and
our results can be observed for the case of very low false alarm
rates. This is a result of the time safety margin employed,
which places a lower bound on the false alarm levels. This
phenomenon, however, fades away as the detection threshold
is decreased. On the other hand, for the particular case of Gmax
equal to 20 and 25 dBi in Figure 15b, the red and blue curves
never fully match. This can be explained by the fact that under
these conditions, the scan analyzer starts displaying difficulties
at synchronizing with the radar antenna pattern.

Setting a detection probability objective of 99% or higher,
it is clear from Figure 15a that temporal sharing is highly
inefficient for σPARP

Λ equal or above 15 dB for an antenna
gain of 35 dBi, as it would lead to false alarm periods that
correspond to more than 20% of the total time. This reinforces
our point regarding the inadequacy of this spectrum access
technique in highly mobile scenarios, where the decoherence
of the channel can be significant, especially during transitions
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between LOS and NLOS.
In Figure 16, we show the average sensing times taken

by our scan analyzer to obtain the radar scan parameters.
It is apparent that for decoherence standard deviations σPARP

Λ
above 10 dB, the sensing time grows linearly with σPARP

Λ , and
overall is higher the lower Gmax is. The minimum sensing time
saturates at 10 seconds for the σPARP

Λ of 0 and 5 dB, which
corresponds to approximately 3 times the ASP of the radar.
This was expected as we set that the scan analyzer needs to
observe at least 3 rotations by each radar in the environment
before terminating the session and starting the transmission
stage.

VII. CONCLUSIONS

We have provided signal processing solutions tailored to
temporal sharing in the radar spectrum. Given the high detec-
tion thresholds envisioned for these bands, our pulse detection
and parameter estimation results show that thermal noise
need not significantly impact the design, deployment, and
performance of temporal sharing. Instead, we argue that the
phenomena of multiple PUs and strong channel decoherence
cannot be ignored, as they may limit scenarios in which sharing
is possible.

Separation of superimposed signals is fundamental for coex-
istence with multiple radar systems. ELINT literature provides
several techniques for such separation, such as pulse clustering
and TOA deinterleaving; however, these are typically ill-
suited to temporal sharing. Thus, we have developed a new
low complexity TOA deinterleaving method that operates in
an online manner, which displays superior performance in
temporal sharing scenarios.

Estimation of radar scan parameters and tracking changes
in these parameters provide the primary determinants of an
SU’s ability to discern sharing opportunities. Thus, we have
provided a test statistic for estimation as well as a stopping
criterion for adaptive sensing and shown that these lead to
interference probabilities similar to those achieved when SUs
have full knowledge of radar parameters and ideal synchro-
nization. We note that even with perfect estimation, channel
decoherence potentially limits the application of temporal
sharing to static or quasi-static scenarios.

We note four major directions for possible extensions of
this work. Firstly, given the significant impact of channel de-
coherence on the probability of interference, we believe more
detailed propagation models are key to a better quantification
of temporal sharing opportunities. Secondly, we note that the
complementing temporal sharing with cognitive beamforming
improves performance and flexibility; our early work in this
area [26] shows that cognitive beamforming may remove
dependence on periodicity in radar scan patterns. Thirdly, the
use of full-duplex for temporal sharing promises improvement
resulting from continuous sensing to support faster responses
to changes in the number and parameters of radar systems.
Finally, distribution of our current design over heterogeneous
network elements would provide gains based on spatial diver-
sity of sensing elements and parallelization of tasks.
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